Firms that invest in R&D and also in worker training are expected to be successful innovators; yet, the extent to which these investments are mutually reinforcing has not been established. This paper addresses that question by analysing the decision to innovate and the number of innovations introduced. Our findings, which are based on a sample of Spanish manufacturing firms, confirm that R&D is more effective when firms also invest in worker training. Moreover, for some smaller firms, investing in workers' skills (via training programs) boosts innovation even in absence of R&D. Meanwhile, on-the-job training in large firms might serve mainly to reinforce the effects of R&D. Regarding the number of innovations, our result signals that a higher absorptive capacity via higher ability of qualified workers (through schooling or training) leads to improved innovation performance.
Introduction
Innovation (the introduction of a new or significantly improved product, process or method) boosts firm productivity and economic growth. Although research and development is strongly related to the rate of innovation and the capacity to innovate, 1 R&D is only one of the several mechanisms used to innovate. Firms innovate through a wide range of activities that do not necessarily require formal R&D (Arundel, Bordoy, and Kanerva 2008) . In particular, human capital has become essential in fostering innovation in modern industries.
Human capital is acquired through formal education (mostly general skills) and also through training and experience at the workplace (mostly, but not only, specific skills). Blundell et al. (1999) point out that workers who are more highly educated and skilled are a direct source of innovation. 2 According to the OECD (2010) report: 'Empowering people to innovate relies not only on broad and relevant education, but also on the development of wide-ranging skills that complement formal education' . In this vein, Vona and Consoli (2015) argue that continual adjustments in training and education are important to foster innovation.
Even though human capital is a widely recognised driver of innovation at the firm level, not much attention has been paid to links between the components of skill formation and their innovation effects (Jones and Grimshaw 2012) .
There is an extensive literature that uses firm-level data to examine the determinants of innovation. 3 Becheikh, Landry, and Amara (2006) review empirical studies in the manufacturing sector. Most of this empirical work focuses on R&D as the main driver of innovation, whereas the effect of training has received significantly less attention. Therefore, analysing the role of training is an important research question because a large share of human capital investments occurs within firms in the form of training (Acemoglu 1997) .
This paper aims to fill a gap in the literature by contributing to the discussion of how R&D and firm-sponsored training affect innovation. We pay particular attention to the joint effect of these factors in terms of the decision to innovate and the number of innovations introduced. Our research explores whether these investments reinforce each other and whether the effects differ by firm size. For small firms, R&D is challenging because of the substantial risk involved, the high fixed costs and the financial constraints. All these considerations may lead smaller firms to forgo R&D and to rely instead on other practices, such as worker training, as a means to innovate. 4 The data-set used to conduct our empirical analysis comes from the Survey on Business Strategies (Encuesta Sobre Estrategias Empresariales, ESEE), an unbalanced panel of Spanish manufacturing firms over the period 2001-2011. This survey is sponsored by Spain's Ministry of Industry.
Our results indicate first that prior experience in R&D increases the probability of introducing a new product or process and second that, for some smaller firms, investing in workers' skills (via training programs) boosts product innovation even in absence of R&D. At the same time, on-the-job training in large firms might serve mainly to reinforce the impact of R&D. The different roles that training plays as a function of firm size may be related to differences in the nature of innovation (incremental vs. radical innovation).
Among the papers that analyse the relationship between training or skills and innovative performance at the firm level, Laursen and Foss (2003) find that human resources management practices (in particular, internal training and the combination of internal and external training) have a positive effect on innovation performance. Rogers (2004) uses data on Australian firms to investigate the determinants of innovation; he includes training among them but does not find a significant effect. Zhou, Dekker, and Kleinknecht (2011) report that, in the Netherlands, training and R&D improve the firm's innovation performance in terms of higher new product sales. Using data on French firms, Gallié and Legros (2012) also find that training and R&D have positive effects on patenting activity.
In the case of Spain, it is especially important to analyse the relationship between R&D and training -and their effects on innovation -because the effort devoted to both activities falls well short of the European average and because there is little evidence to date concerning the role of training on innovation. Although Santamaría, Nieto, and Barge-Gil (2009) 3 relevant papers at the industry level include those of Bogliacino and Pianta (2013) , who explore the relationship between r&d, innovation, and profits, and Bogliacino and Gómez Cardona (2014) , who analyse the effect of technological capabilities on r&d investment. 4 see, for example, rammer, Czarnitzki, and spielkamp (2009). explore how the innovation depends on non-formal R&D activities (including training), they overlook the possible interactions or complementarities between formal and non-formal R&D activities.
There is a fairly wide-ranging literature that examines whether different types of knowledge investments complement one another. 5 Nevertheless, we are not aware of any papers that focus on whether R&D and training require each other to maximise their respective efficiency as an innovation driver and discuss the differences according to firm size. 6 Public policy design would ideally account for any interconnections among the various policies intended to increase innovation capacity. It follows that policy-makers must be able to identify these links. The Oslo Manual (OECD 2005) states that [a] broad understanding of the distribution of innovation activities across industries is of obvious importance for innovation policy. An important goal is to understand the role of R&D and non-R&D inputs in the innovation process and how R&D may be interrelated with other innovation inputs.
The aim of our paper is to provide evidence concerning this topic.
The paper proceeds as follows. In Section 2, we describe the data-set, and Section 3 is devoted to analysing the decision of innovating. In Section 4, we explore the number of product innovations introduced. Section 5 concludes, and definitions of our variables as well as descriptive statistics are given in the Appendix A.
Data description
The Survey on Business Strategies (ESEE) is a panel survey of Spanish manufacturing firms that is representative in terms of both sector (using the NACE classification) and firm size. 7 Firms provide information on a wide variety of their characteristics, including expenditures on R&D and external expenditures on different types of worker training (in software and information technology, engineering and technical, sales and marketing and other subjects). 8 Although the ESEE has been available since 1990, questions about training were not reported on an annual basis until 2001; hence, we use information from 2001 onward.
Our sample contains a total of 18,923 observations, which correspond to 3257 firms that have been observed for six years on average over the period 2001-2011. 9 Slightly over a quarter of these observations correspond to firms that employ more than 200 workers.
In what follows, we present some empirical regularities about firm participation in R&D and worker training (WT). Table 1 outlines the main features of our key variables, while distinguishing large firms (with more than 200 workers) from small-and medium-sized enterprises (SMEs, with 200 or fewer workers). 10 The table reveals that SMEs invest in R&D and also in WT less 5 activities are complements if doing any one of them increases the returns to doing the others roberts 1990, 1995) . this perspective has been applied in papers that look for complementarities among different business strategies. For example, Cassiman and veugelers (2006) and also Hagedoorn and Wang (2012) focus on the complementarity between internal and external r&d. other related papers include arora and Gambardella (1990), Bresnahan, Brynjolfsson, and Hitt (2002) , Mohnen and röller (2005) and, more recently, Catozzella and vivarelli (2014) . 6 some papers focus their attention on how the relation between r&d and training affects productivity taymaz 2001, 2006) or on how skills -among other innovation activities -affect firm profitability (Leiponen 2005) . 7 For details on this database, see https://www.fundacionsepi.es/investigacion/esee/en/spresentacion.asp. 8 We have excluded language training from the definition of our training variable. 9 the proportion of firms observed for all years from 2001 to 2011 is 37%. 10 size classifications are based on the firm's average size over the whole period; this criterion prevents any given firm from being categorised in different subsamples in different years.
frequently than do large firms. For SMEs, 22.7% of the observations have positive R&D expenditures and 28.8% have positive WT expenditures. For large firms, these percentages are significantly higher: 70.9 and 77%, respectively. Table 1 also shows the percentage of firms that have introduced at least one product innovation, of firms that have introduced at least one process innovation and of firms that have introduced at least one innovation, regardless of type. In building these variables, we use two questions from the survey. The first is related to process innovation: each firm answers (Yes or No) to the question of whether it introduced any important modification in the production process during year t. The second question asks whether the firm manufactured any brand new or substantially modified products in year t. Such product modifications include performing new functions as well as incorporating new materials or new components. 11 Large firms -as one would expect, given their substantial engagement in R&D and WTinnovate more often than do smaller firms. Yet, in every year, a greater proportion of these firms engage in R&D than actually introduce innovations. For SMEs, however, the opposite is true: more of these firms innovate than pursue formal R&D activities. Finally, process innovation is more likely to occur than product innovation for both large and small firms.
Another interesting regularity is that none of these percentages have declined in the aftermath of the recent crisis. To the contrary, a greater proportion of firms have been involved in worker training activities and innovation since 2007. It may be that the drastic fall in demand pushed firms to undertake more aggressive strategies in order to offset the negative demand shock. Another possible explanation is that innovative companies were better able (than non-innovative firms) to survive a crisis. Table 2 gives more details on firm engagement in R&D and WT. 12 It shows that most large firms are involved in both activities simultaneously, whereas most SMEs engage in neither. Among the SMEs that participate in at least one of these investments, the most frequent strategy is to be involved in training only. 11 until 2006, product innovation also included 'new design' and 'new format'; since 2007, such innovations have been viewed as marketing innovations. so in order to ensure that our variable is homogeneous, we say that a firm is not a product innovator during any year in which it introduces only new design and/or new format innovations. 12 the percentages and averages reported in all tables are obtained by treating observations as a pool of data. Table 3 explores firm innovation performance according to their R&D and WT status. At first sight, this table seems to indicate that -for each particular combination of R&D and WT decisions -firm performance in terms of total innovation is similar for SMEs and large firms; there is a statistical difference only for the firms that are engaged in 'only training' . Yet, when we examine the outcomes in more detail, it becomes evident that the 'only R&D' strategy is more successful for SMEs than for large firms in the case of product innovation while the 'both' strategy is more successful for large firms than for SMEs in the case of process innovation.
There are two other facts of interest. First, a large proportion of innovating SMEs participate in neither R&D nor WT. This statement applies to more than a third (36.5%) of the innovating SMEs, given that 61.3% of such firms have no R&D or WT; yet, 18.3% of them innovate nonetheless. These figures are consistent with results that have been reported for other countries. Using data for 15 countries from the third European Community Innovation Survey (CIS-3), for example, Huang, Arundel, and Hollanders (2010) find that almost half of the innovative European firms did not perform R&D in-house. These authors report also that the share of non-R&D innovators is higher in low technology manufacturing and services sectors and among small-and medium-sized firms.
Second, it is noteworthy that a significant proportion of large firms do not innovate, despite being involved in both R&D and WT. These enterprises represent 40.2% of the non-innovating large firms: although 58.1% of large firms are engaged in both R&D and WT, nearly a third (30.2%) of them do not innovate.
In short: the empirical evidence suggests that (i) innovation characteristics differ depending on firm size and (ii) SMEs may achieve innovation success by means other than formal R&D activity. Table 3 . Innovation input choices and innovation performance (%).
note: For each subsample of firms engaging in a particular (r&d, Wt) strategy, the reported values are the percentage of firms that innovate.** (resp., ***) indicates that the proportions differ -between sMEs and large firms -with statistical significance at the 5% (resp., 1%) level (two-tailed t-test). 
Innovation

The decision to innovate
Empirical model
A firm i will decide at time t to introduce an innovation, I it , if the expected increment to gross profit π it is greater than the cost of introducing an innovation F it :
Here, π it (x t , z it ) is the difference, in year t, between the expected gross profit when the firm does versus does not innovate. The term x t is a vector of market-level variables that are exogenous to the firm (e.g. technological opportunities of the industry within which the firm operates), and z it is a vector of firm-specific variables. 13 Profit increases could result from an increase in revenue or a decrease in cost (or from both). Product and process innovations typically affect profits through different mechanisms. Product innovation increases consumers' willingness to pay for the new or improved product, which in turn affects demand; process innovation enables production at a lower cost.
We use F it to denote the direct monetary cost of innovating. This cost may depend on the firm's experience in R&D and WT at the beginning of year. That previous experience increases the firm's stock of knowledge and thereby contributes to strengthening the skills required to introduce innovations, which in turn reduces the current cost of innovating. 14 So if F 0 represents the innovation cost in the absence of R&D and WT experience, then this cost will be reduced by an amount F j that depends on the previous year's (R&D, WT) strategy.
The decision to innovate is then summarised by this discrete choice equation:
Here, R it−1 and T it−1 take the value 1 only if the firm made (respectively) R&D or WT investments in the previous period. An alternative way to understand this equation is that for a given level F 0 it of innovation expenditure, the firm may obtain a greater increase in profits, it + F j i , depending on its past experience in R&D and WT. We approximate it − F 0 it as a reduced form expression in firm and market characteristics, Z it , that are observable in period t 15 :
Here, μ i is a firm-specific effect capturing time-invariant unobserved firm characteristics that could affect either the profits that firms derive from innovations or the cost of innovating. Firms with greater capabilities, with higher technological opportunities for innovation (1)
13 our framework has similarities with the model developed by roberts and tybout (1997) to analyse export market participation in the presence of sunk costs and also with the model used by Máñez et al. (2009) to analyse the sunk r&d costs that correspond to engaging in r&d. the latter authors find that prior experience in r&d affects the current decision to invest in r&d by reducing the sunk costs associated with r&d activities. 14 the oslo Manual (oECd 2005) states that '[m]uch innovation knowledge is embodied in people and their skills, and appropriate skills are needed to make intelligent use of external sources or codified knowledge' .
or with higher managerial ability can secure higher payoffs (than their less advantaged peers) when a new product is launched or when a new process is adopted. The term μ t is a time-specific component that accounts for business cycles and exogenous technical changes that could affect the firm's innovation decision, and it ∼ N(0, 1) is a random shock.
Our paper aims to analyse the impact of R&D and WT on innovation performance by measuring how they affect the likelihood of innovating. To estimate this probability, we assume that the costs of introducing an innovation will be reduced (or the profits from innovating will be augmented) to the same extent for all firms with the same (R&D, WT) status in the previous period; that being said, those cost reductions may well differ as a function of firm size. Thus, we consider F 1 i = 1 , F 2 i = 2 and F 3 i = 3 , where each of these γ parameters may differ for SMEs versus large firms. Given the preceding equations, we can write the baseline econometric model for the innovation decision as follows:
where Φ is the standard normal cumulative distribution function.
Then, the central explanatory variables in our analysis are three dummy variables (interacted with two size dummies) that take the value 1 or 0 accordingly, as whether the firm's investments in the previous year did or did not include both activities, only R&D, or only WT. We lag these variables to capture the delay between such investments and their effects; doing so also helps mitigate against reverse causality. In addition, we lag firm and market characteristics by one year in order to avoid potential simultaneity problems.
The main econometric issue is unobserved firm heterogeneity, μ i , and its potential correlation with the R&D and training variables. There is not a general solution to this problem in nonlinear models. Hence, to mitigate the associated endogeneity bias, we follow Van Reenen (1995, 2002) and use the pre-sample history of innovative successa proxy for the build up of the firm's knowledge when it enters the sample -to control for firm heterogeneity. In our econometric specification, then, i = 0 + pĪip + a i ; here, a i ∼ N(0, 2 a ) is uncorrelated with the explanatory variables, and Ī ip includes two pre-sample variables: the number of pre-sample years in which the firm introduced a product innovation (or, respectively, a process innovation) as a ratio to the number of years in which the firm is present in the pre-sample and an indicator variable that takes the value 1 only for those firms that introduced no innovation in the pre-sample period (1991) (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) . 16 After the estimation, we can evaluate how the probability to innovate depends on the type of investment. Our hypotheses to be tested are whether the following relationships hold:
where P(I it = 1|1, 1) = P(I it = 1|R it−1 = 1, T it−1 = 1, Z it ), and so on. We expect that the probability of innovating will be highest for firms investing in both activities; we also expect this probability to be higher for firms investing only in R&D than for those investing only in WT. The differences between specific pairs of these probabilities provide the marginal effects of each activity (see Section 3.4).
(2)
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In our estimations, we restrict the sample to those firms for which we have at least two years of pre-sample data.
Estimation results
Next, we describe the results of the estimations as well as the effects of R&D and WT on the probability of innovating. We analyse separately the decision to introduce process and product innovations. In the first case, our dependent variable (I it ) is a binary indicator set equal to 1 if the firm introduces a process innovation (and to 0 otherwise); an analogous definition applies, though now with respect to product innovation, in the second case. Table 4 presents the coefficients obtained by estimating Equation (2) in each case.
In accordance with our specification, we include three dummy variables -Only R&D, Only WT and Both (R&D and WT) -and interact each with our two size dummies (that distinguish firms with more than 200 workers from those with fewer workers). The estimated coefficients reveal that prior experience in R&D and/or WT does drive innovation, although the magnitudes of the marginal effects (see Section 3.4) are substantially different for the two activities. The coefficients also confirm that there are differences depending on firm size and on the type (process vs. product) of innovation.
In the case of process innovation, the table shows that past experience in R&D plays a significant role, whereas the effect of training is negligible whether alone or jointly with R&D (there is no statistical difference between estimated coefficients for the Only R&D variable and the Both variable). This finding holds both for SMEs and for larger firms. In the case of product innovation, however, WT becomes relevant: for SMEs, it is significant when it is the only investment and also when it is carried out jointly with R&D; for large firms, WT in itself plays no significant role, although it does reinforce R&D. 17 The explanation for these differences could be that, in small firms, product innovation depends more (than does process innovation) on non-formal R&D. In contrast, innovation in large firms seems to be more R&D based. This same result has been reported elsewhere (e.g. Conte and Vivarelli 2014) . 18 The rest of the explanatory variables included in vector Z it control for firm characteristics that, according to previous literature, are likely to determine the innovation output. 19 In particular, we account for the size of the firm (as measured by the log of its total number of employees) and include an indicator for firms that employ a high proportion of skilled workers. We also control for the firm's price-cost margin, for the degree of competition of the market in which the firm operates (using a dummy variable that takes the value 1 when the firm states that the number of competitors in its main market is no more than ten), for the extent to which the firm is an exporter and for the use of complex production technologies. We employ two proxies for 'demand dynamism': Expansive market (resp., Recessive market) takes the value 1 only for firms that report their demand is increasing (resp., contracting). Finally, the regressions incorporate two sets of dummy variables to account for sector-level heterogeneity (19 industry dummies) and changes over time (year dummies).
There is abundant empirical evidence that large firms invest more in R&D than do small firms; yet, the number of innovations tends to increase less than proportionately than firm size (see Cohen 2010) . In our case, size is statistically significant for the probability of both process and product innovation.
Skilled labour is expected to have a positive effect on innovation because it reflects the firm's capacity to assimilate and develop new knowledge (Bartel and Lichtenberg 1987) . However, our results show a non-significant impact at the usual levels. We have also explored a more general specification that includes interactions among R&D, skilled labour and worker training. 20 We include this estimation in Appendix B. It shows that both general and specific human capital matter and, as expected, both investing in training and in R&D pay more when the workforce is educated. However, a full analysis of the role of general and specific training is beyond the scope of the paper and left for future research because of the data limitations for the variable skilled labour. Firms are asked about the skilled labour proportion of their workforce only once every four years, which means that our measure of this factor is not very precise.
The number of competitors and the price-cost margin are proxies for market competition. The effect of competition on innovation has no clear theoretical prediction. On the one hand, competition is necessary for innovation (Arrow 1962) . When the number of competitors in the market is larger, firms could try to differentiate their products via innovation. On the other hand, extra profits are needed to finance the investment required to innovate (Schumpeter 1950) . Our own estimates indicate that market power has a positive 17 In the case of product innovation, there is a statistical difference between estimated coefficients for the Only R&D variable and the Both variable -not only in large firms but also in sMEs. 18 rammer, Czarnitzki, and spielkamp (2009) find that sMEs without internal r&d can achieve a level of innovation success comparable to sMEs with internal r&d -provided they effectively apply innovation management tools (including human resources management tools). 19 see Becheikh, Landry, and amara (2006) for a discussion of firm characteristics usually included in empirical studies on innovation and for a summary of the results most frequently obtained. 20 We thank a referee for this suggestion. effect on innovation: facing fewer competitors has a positive impact on both process and product innovation, and there is a positive relation between the firm's price-cost margin and its process innovation.
The coefficient for our high-intensity exporter dummy is indicative of a positive effect on product innovation. This result is consistent with the 'learning by exporting' hypothesis. That is, interaction with customers and/or competitors in foreign markets (or having access to knowledge not available in the domestic market) improves the firm's ability to introduce product innovations. This positive association has been noted in several papers; examples include Bratti and Felice (2012) , who use a sample of Italian manufacturing firms, and Salomon and Shaver (2005) , who use the same database that we employ but for a different period (1990) (1991) (1992) (1993) (1994) (1995) (1996) (1997) . 21 The estimated coefficients for the complex production technologies variable imply that such technologies positively influence the introduction of process innovations but have no effect on product innovation. This result is in line with Parisi, Schiantarelli, and Sembenelli (2006) , who find that increases in the level of fixed capital investment make it more likely that a process innovation will be introduced, probably reflecting that new technologies are often incorporated in new capital.
Finally, the dummy variables that capture the dynamism of the market also prove to be relevant. First, if a market is expanding, then there is more incentive to innovate -in terms of both product and process -because there is likely to be a relatively greater increase in profits due to innovation when sales are growing. Second, the coefficient for our recessive market variable is negative but non-significant with respect to process innovation, yet positive and significant with respect to product innovation. Although these findings are surprising at first glance, it may be that firms use innovation as a strategy to overcome low expectations of the market. This account is consistent with our estimated coefficients for the year dummies (not reported in the tables). Those coefficients reveal that the financial crisis did not (at least in its early years) hamper innovation. This result may not be especially meaningful if, as seems reasonable to suppose, innovative firms are also more capable of surviving a crisis.
Predicted probability to innovate
Here, we use our estimated parameters to compute, for each firm i, the probability of innovating; we shall present the marginal effects in Section 3.4. From this point onward, we focus on product innovation.
The probability of innovating when the firm has experience in both R&D and worker training is calculated as follows:
where the subscript a signifies that the parameter so indexed has been multiplied by (1 +̂ 2 a ) −1∕2 . The probability of innovating when the firm has experience only in R&D is similarly computed as P(I it = 1|1, 0) = Φ � 0a + � 2a + � a Z it + � apĪip ; for a firm that has 21 Becheikh, Landry, and amara (2006) point out that 'research is almost unanimous [ ]: export and internationalization have a positive significant effect on innovation' .
experience only in WT, we likewise have P(
Finally, if firms do not engage in either activity, then their probability of innovating is Figure 1 plots the predicted probabilities, by firm size, under the four combinations of R&D and WT strategies. Two conclusions can be drawn from this figure. First, kernel density is displaced to the right for firms that undertake worker training; it moves further to the right for those that engage in R&D and still further rightward for firms that use both strategies. Formally, these activities foster innovation in the following order: P(1|0, 0) < P(1|0, 1) < P(1|1, 0) < P (1|1, 1) . The average values of the estimated probabilities of innovating in SMEs in the four cases are (respectively) 8.5, 11.1, 18.2 and 21.5%. According to these values, a firm that engages in both activities is more than twice as likely to innovate as a firm that engages in neither.
The second conclusion supported by these graphs is that the distributions of estimated probabilities for large firms (right panel of Figure 1 ) are shifted to the right as compared with those for SMEs (left panel). In the case of large firms, the average probabilities in the four cases are (respectively) 19.6, 22.2, 26.1 and 33.4%. These values underscore that, for any combination of strategies, large firms are more innovative than small ones.
Marginal effects
We now use the probabilities just predicted to estimate the average marginal effect (AME) of each activity undertaken in isolation as well as the effect of adding one activity to the other.
The effect of adding WT to R&D is calculated as where N is the number of observations. The effect on the probability of innovating due to experience only in WT is calculated as Similarly, the effect of adding R&D when the firm is already undertaking WT is written as
, and the effect on the probability of innovating when engaged only in R&D is AME
1 ≥ AME T 2 (and hence AME R 1 ≥ AME R 2 ), then we can conclude that training is more efficient when added to R&D than when carried out in isolation. The magnitude of the difference between both marginal effects gives us a measure of the extent to which WT and R&D are complements. Table 5 presents the AMEs of product innovation for SMEs and large firms. The first row shows the AME for adding both activities when neither of them was present initially. 22 These marginal effects are positive and highly significant, and their magnitudes are similar for SMEs and large firms. However, they are actually more relevant for SMEs, given that the average probability when these smaller firms do not invest in either activity is much lower than the corresponding probability for large companies.
The values reported in the second and the third rows of the table (i.e. the values for AME R 1 and AME R 2 ) suggest that adding R&D always has a positive effect, regardless of whether or not WT was present. Yet, the values for AME T 1 and AME T 2 imply that worker training has a much smaller effect on innovation than does R&D (i.e. that AME T 1 < AME R 1 and AME T 2 < AME R 2 ). Even so, as the Table 5 shows, we can reject that AME T 1 = 0. In other words, adding WT to R&D has a positive and significant effect on innovation: WT reinforces the effect of R&D both in SMEs and in large firms. However, the table shows that WT has a positive and significant impact on innovation in absence of R&D, only for SMEs.
Finally, the table shows that the effect of WT added to R&D is greater than the effect of such training added in isolation; that is, AME T 1 > AME T 2 (and hence AME R 1 > AME R 2 , so that R&D is similarly more effective when firms are already engaged in WT). The WT-R&D complementarity (COM, defined as the difference AME 1 − AME 2 ) is positive but not statistically significant. It is only 0.6 percentage points for SMEs, while it is higher (4.7 percentage points) for large firms. SMes large firms AME P(1 | 1, 1) − P(1 | 0, 0) 0.130 (0.019)*** 0.139 (0.037)*** AME R 1 P(1 | 1, 1) − P(1 | 0, 1) 0.104 (0.020)*** 0.112 (0.028)*** AME R 2 P(1 | 1, 0) − P(1 | 0, 0) 0.097 (0.017)*** 0.066 (0.040)* AME T 1 P(1 | 1, 1) − P(1 | 1, 0) 0.033 (0.019)* 0.073 (0.028)*** AME T 2 P(1 | 0, 1) − P(1 | 0, 0) 0.027 (0.013)** 0.027 (0.037) Complementarity 0.006 (0.023) 0.047 (0.045) N 6797 2665
It would be interesting to assess how relevant such complementarities are to the firm's decision to innovate. In particular, we could ask: What proportion of the innovative large firms that undertake both R&D and WT have been induced to innovate by the effect of complementarity? We can compute this 'induction effect' as follows. A firm is predicted to be an innovator when its estimated likelihood of innovating is higher than a given threshold (we base that threshold on the proportion of innovative firms in our sample). For the subsample of innovative large firms that engage in both R&D and WT, we can use the estimated coefficients to predict what proportion of these firms are correctly predicted as innovators (72.8% of them; those for which P(1|1, 1) > 0.323). In the same way, we can also calculate what proportion of these firms are expected to be innovators if there were no complementary effect; they are identified as those for which P(1|1, 1) − COM is greater than the threshold (65.1% of them). 23 Taking the difference between these two proportions, we estimate that 7.7% of the innovative large firms may have become innovators as a result of WT-R&D complementarity.
The number of innovations
In this section, we estimate a count data model for the number of product innovations (NPI) using the pre-sample mean (PSM) estimator proposed by Blundell, Griffith, and Windmeijer (2002) .
The ESEE survey asks firms about the NPI they have made in the current year. 24 Unfortunately, the survey does not report information about the effects of any innovation (on profits or sales) or about the innovation novelty. Hence, we are unable to determine whether firms introduce radical versus incremental innovations or whether they are new for the firm or for the market.
We justify our specification in terms of an innovation production function. We consider that the number of innovations depends on the stock of knowledge accumulated through R&D and that there is some lag between this accumulated stock and the resulting outcomes. In addition, this relationship may be affected by the firm's engagement in worker training. Formally, we have where k is a positive constant, δ is the rate of R&D depreciation and v i = exp (η i ) is a scaling factor for the individual fixed effect. In this equation, R represents the R&D investment (as measured by R&D expenditures) and T is the indicator variable for worker training.
We can now write where E u it |NPI it−1 , R it−1 , T it−1 , v i = 0; and u it may present some autocorrelation. This specification is a linear feedback model similar to that proposed by Blundell, Griffith, and Windmeijer (2002) , and its conditional mean is 23 note that, since complementarity is defined as COM = P(1|1, 1) − P(1|1, 0) − P(1|0, 1) + P(1|0, 0), it follows that P(1|1, 1) − COM > 0.323 implies P(1|1, 0) + P(1|0, 1) − P(1|0, 0) > 0.323.
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there is no information in the EsEE regarding the number of process innovations.
To deal with unobserved heterogeneity, we estimate the NPI equation using the PSM estimator to replace the fixed effect (as proposed by Blundell, Griffith, and Windmeijer 2002) . That is, we estimate the model where NPI ip is the PSM of the NPI and where (1, NPI it−1 , R it−1 , T it−1 , ln NPI ip ) are used as instruments. 25 We also propose an alternative specification to test for whether the effect of R&D on NPI varies depending on the firm's proportion of skilled workers. Table 6 reports the estimation results for this count data model. We restrict our attention to innovative firms and so drop the observations corresponding to firms that did not innovate during the period of analysis. 26 We include size and industry control dummies in order to pick up differences in the propensity to innovate for large firms and for firms that operate in high-tech industries. The table reveals that the coefficient for the lagged dependent variable is positive and highly significant, which indicates that innovativeness is highly persistent among manufacturing firms.
The elasticity of R&D is positive and statistically different from zero; the more a firm invests in R&D, the more it innovates. In particular, its long-term estimated value is 0.047%, and its short-term value (obtained as * ) is 0.023%. Then, a 10% increase in R&D will have an impact of 0.5% on the firm's total number of innovations. This value is rather small in comparison with the result of Blundell, Griffith, and Windmeijer (2002) . The lower value of our R&D coefficient can be partly explained by the different outcome variables since they analyse the number of patents. Our estimates are in line with the ones found in Gallié and Legros (2012) .
When we allow the R&D effect to vary depending on whether the firm is engaged in WT (column [2]) or on whether it has a higher proportion of skilled workers (column [3] ),
an equivalent alternative specification would be to use, as regressors, the logarithm of the r&d expenditures per worker and the logarithm of the number of workers -as a proper rewrite of the innovation production function would imply. 26 We also exclude observations with an extremely large nPI (larger than 100; 3% of the innovative firm observations). it is clear that both ways of improving human capital increase the effectiveness of R&D expenditures (although the differences are not statistically significant). While this result signals a higher ability of qualified workers (through schooling or training) to increase the R&D absorptive capacity and improve innovation performance, the small size of the effect may be related to our not controlling for innovation quality. Although one would naturally expect that employing more highly skilled human capital yields higher value-added innovations, the database does not include information that would allow us to test that hypothesis.
Conclusions
In this paper, we explore the effects of firm R&D and firm-sponsored training on innovation. Firms can use different channels for acquiring knowledge as well as for increasing their ability to assimilate new information and their capacity to innovate. Although it is widely agreed that both R&D and human capital play key roles, previous studies have largely ignored the innovation effects of the relationship between these two types of investments. This research question is a relevant one for policy-makers; after all, their decisions affect innovation and so the relationships among inputs and factors should be taken into account. In particular, public policies that promote R&D investment and that encourage worker training are often not connected. That is the case in Spain, where different ministries design these policy instruments.
Our paper focuses on analysing the effect of R&D and firm-sponsored training on (i) the firm's decision to innovate and (ii) the number of innovations actually introduced. The aim is to establish whether these investments reinforce or perhaps even complement each other. For that purpose, we estimate a probit model and a count data model, which incorporate controls for unobserved firm heterogeneity.
The results show that simultaneously engaging in R&D and worker training significantly increases the likelihood of innovating. For SMEs, this probability more than doubles when neither activity was performed previously; for larger firms, the corresponding increase exceeds 70%. Moreover, these marginal effects are higher than those estimated for firms that engage only in R&D.
We also find evidence that R&D and WT are complements, especially in the subsample of large firms. Our findings also suggest that this complementarity could have encouraged some firms to become innovators. If follows that, when designing public policies to promote R&D and on-the-job training, it is important to consider the possible complementarities between these investment types. This approach is particularly relevant for firms that are close to becoming innovators.
Finally, we estimate a dynamic count data model for the NPI. We find that spending on R&D is a key driver of the number of innovations and that worker training increases the effectiveness of R&D, although the magnitude of the additional effect is small.
Our study is limited by the lack of detailed information on innovations -namely, the extent to which they are novel or radical. One might expect that radical innovations require formal R&D activities, whereas incremental innovations may arise from other activities or simply stem from a good idea offered in response to a specific problem. Thus, it may well be that worker skills, and therefore worker training, are more important than R&D for incremental innovations.
Appendix A Table A1 . definition of variables. Product (resp., Process) innovation dummy variable that takes the value 1 only if the firm reports that it has introduced at least one product (resp., process) innovation in the corresponding year (see section 2 for more details). number of product innovations number of product innovations that the firm reports it has introduced in the corresponding year. Pre-sample innovation mean number of pre-sample years in which the firm has introduced an innovation as a ratio to the number of years in which the firm is present in the pre-sample. Pre-sample innovation dummy dummy variable that takes the value 1 only for those firms that did not introduce any innovation during the pre-sample period. r&d dummy variable that takes the value 1 only if the firm reports positive (internal or external) expenditures on r&d in the corresponding year (see section 2 for more details). r&d expenditures total cost of internal r&d activities plus payments for outside r&d contracts (in 2010 euros). Worker training (Wt) dummy variable that takes the value 1 only if the firm reports positive external expenditures in worker training (i.e. on training in software and information technology, on engineering and technical training, on training in sales and marketing or on training in other subjects) in the corresponding year (see section 2 for more details). total employment number of full-time workers plus half the number of part-time workers. skilled labour dummy variable that takes the value 1 only if more than 5.9% of the firm's employees are engineers or college graduates; this information is requested from firms only every four years. number of competitors dummy variable that takes the value 1 only if the firm reports that its main market has no more than ten competitors. Price-cost margin this variable is approximated by the value of gross output minus the variable costs of production divided by the value of gross output. the gross output value is computed as sales plus stock variation plus other revenues. the variable costs of production are obtained as intermediate consumption (raw materials and services) plus labour costs. note that (i) r&d expenses are excluded from cost and (ii) estimated r&d personnel costs are excluded from total labour costs. Low-intensity exporter dummy variable that takes the value 1 only if the firm exports and its exports-to-sales ratio is lower than the median ratio for exporter firms. High-intensity exporter dummy variable that takes the value 1 only if the firm exports and its exports-to-sales ratio is higher than the median ratio for exporter firms.
Expansive market
Firms are asked to assess the current and future market situation (slump, stability or expansion); this variable takes the value 1 only if the firm answers that both the current and the future situations in its main market are expansive. recessive market this variable takes the value 1 only if the firm answers that both the current and the future situations in its main market are recessive. Complex production technologies dummy variable that takes the value 1 only if the firm uses some combination of computerdigital machine tools (robotic and/or Cad-CaM) that are managed via a central computer; this information is requested from firms only every four years. High-tech sector dummy High-tech sectors include: chemical and pharmaceutical products; machinery and equipment; computer products, electronics and optical; electrical material and accessories; vehicles and accessories; and other transport equipment. time dummies set of yearly dummy variables. Industry dummies set of 19 industry dummies. Appendix B Table B1 . Probability to innovate.
Product innovation
Coefficient (S.e.) Small firms only skilled labour (t − 1) 0.15 (0.14) only Wt (t − 1) 0.31 (0.14)*** skilled labour + Wt (t − 1) 0.32 (0.20) only r&d (t − 1) 0.90 (0.13)*** r&d + skilled labour (t − 1) 0.78 (0.18)*** r&d + Wt (t − 1) 1.01 (0.15)*** r&d + skilled labour + Wt (t − 1) 1.11 (0.16)*** Large firms no activity (t − 1) 0.11 (0.28) only skilled labour (t − 1) −0.11 (0.36) only Wt (t − 1) 0.18 (0.22) skilled labour + Wt (t − 1) 0.23 (0.24) only r&d (t − 1) 0.32 (0.24) r&d + skilled labour (t − 1) 0.51 (0.25)** r&d + Wt (t − 1) 0.77 (0.19)*** r&d + skilled labour + Wt (t − 1) 0.76 (0.19)*** notes: the regression includes both industry and year fixed effects in addition to the same control variables as table 4. standard errors (in parentheses). **statistically significant at 5% level. ***statistically significant at 1% level. 
